Abstract
Introduction
Web-based learning (WBL) systems are widely used by users with different experience, preferences, and skills [4] . The diversity in the user population results in a new challenge for understanding their behavior and needs. Thus, more attention needs to be directed to the discovery of user communities, which is to group users on the basis of their common behavior [7] . As it involves multiple factors, such as navigation history, interface features, and user characteristics, it is difficult to construct the communities manually. Therefore, we propose to use a data mining approach, which can discover hidden relationships and patterns and generate rules to predict the correlations. Among a variety of data mining approaches, clustering is selected for this study because it can form groups that share common characteristics [3] . Following the clustering of navigation behavior, the effects of human factors are also examined in each user group. In particular, we want to find whether cognitive style (CS) is an influential human factor in each cluster because previous research indicated that CS has significant effects on users' navigation behavior [4] . In summary, the main contribution of this study is two folds: (1) to construct user groups based on their similar behavior and (2) to identify the influence of CS in each group.
Methodology design
Sixty-nine learners participated in the experiment and their CS, namely Field Dependent (FD), Intermediate (FM) and Field Independent (FI), were identified by using Riding' Cognitive Style Analysis [9] . During the experiment, they used an interactive WBL system related to computational algorithms. Their interactions with the system were recorded. Each user's data were transformed to numeric and grouped based on the following parameters: the total number of pages each user browsed, the total number of visited pages describing 'overviews', 'examples', 'code', 'analysis', the total number of times the tools 'menu', 'map' and 'index' were used, the number of duplications the user did.
Among various clustering algorithms, partition-based clustering is selected based on the aim of the experiments and the nature of the data. K-means is the most common partition-based algorithm for numeric data. In K-means, the number K of clusters is fixed before the algorithm run. The algorithm randomly picks K cluster centers, assigns each point to the cluster whose mean is closest in an Euclidean distance sense, then computes the mean vectors of the points assigned to each cluster, and uses these as new centers in an iterative approach [6] . The algorithm performance is evaluated according to the: (a) value of the sum of squared errors; (b) percentage of instances in each cluster; (c) mean value and visual representation of parameters within the cluster. Different combinations in the K number of clusters and the random numbers for the initial assignment of the clusters are explored to discover which clustering arrangement fits the data better. Results indicated that the algorithm produces more meaningful outcomes for N=3 clusters. Results from the various combinations of the parameters indicated no significant differences in the algorithm performance. Table 1 illustrates the final results from the performance of the algorithm and reveals the behavior of the attributes that characterizes each cluster. Note that the number of duplications is removed in Table 1 because this parameter has a strong linear relationship with the number of pages browsed (r=0.96; p<.05).
Results and discussions
By looking into the mean values of the parameters, the following trends are demonstrated: In Cluster 0 (C0) learners browsed many pages and used more times maps and menus; in Cluster 1 (C1) learners browsed fewer pages, almost twice as less than in Cluster 0 and used maps and menus less but frequently access index; in Cluster 2 (C2) learners browsed even less pages and rarely used navigation tools. To correspond with human factors, it is interesting to note that FD and FI users appear in different clusters. The majority of users in C0 were FD (50%). Learners in C0 browsed the higher number of pages and frequently used navigation tools that provide content structure, such as main menu and hierarchical map. These patterns are consistent with the characteristics of FD users. In terms of browsing pages, FD individuals typically perceive objects as a whole and approach a task more holistically [2] . They process information in relatively global ways so they tended to browse more pages to build an overall picture of the subject content. With respect to frequent use of navigation tools, which could be considered as reflecting greater need for authoritative guidance, FD users tend to be more dominated by salient cues in learning [1] so they rely on main menus and maps to provide them with a structured learning environment.
FM users of each cluster are almost balanced. This suggests they are equally comfortable using each strategy. One possible interpretation is that FM individuals combine the characteristics of both FD and FI and employ a more versatile repertoire in information seeking.
FI users (56%) mainly appear in Cluster 2. Learners in Cluster 2 visited a small number of pages. They also seldom used the structured navigation tools provided by the system. These patterns are compatible with the characteristics of FI users. FI users browsed fewer pages, which arguably suggest they are interested in particular topics, instead of the whole subject content. This may be attributable to the fact that FI learners are more able to extract the relevant cues that are necessary for completion of a task [5] . Therefore, they tend to find specific information by looking at particular pages. In addition, FI individuals use their own internal structure to organize information [8] , so it is not necessary for them to build mental structure with structured navigation tools.
To validate the consistency of results in relation to the CS, users were grouped according to their CS. The mean values of the parameters were calculated for each group in order to identify the trends that characterize each CS group. Results showed agreement to the parameter trends in the FD cluster and C0 cluster. Also there was correspondence between FI cluster and C3 cluster. These results confirmed our assumption that CS is an influential factor in each user group.
Conclusions
This paper attempts to group learners on the basis of their common behavior through a data mining approach. Results revealed that users groups could be formed through the processing of several attributes originated, including the number of browsed pages, and the similarity in the use of pages covering maps, index, and main menu. Furthermore, CS is an influential factor in each user group. FI and FD appear in different clusters, which implies that they employ different navigation strategies. These findings are useful for the development of personalized WBL environments, which can accommodate individual differences, especially for CS.
